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Abstract ¥ =Fe gneEe 53 GBFCM ¢2EFS GBFOM
Ya2|Fe Y9219 59 K-veans?] AL 2YstAch

A clustering algorithms with dynamic adjustment of
learning rate for GBFCM(Gradient Based FCM) is
proposed in this paper. This algorithm combines two idea 2. A3 H
of dynamllc. K—mez.ms algorithms and GBFCM : Ie.amxng Kohonen =N BAE A S MEEE KA 20
rate variation with entropy concept and continuous o ey o o g hESH Aol ENEES
membership grade. To evaluate dynamic GBFCM, we made 2% e 3K 34F = 34
comparisons with Kohonen’s Self-Organizing Map over Ftazt she Aol -
several tutorial examples and image compression. The 243} 2} (ninimization procedure) 71&¥E ¢l &
results show that DGBFCM(Dynamic GBFCM) gives AYE o miegl we x o] ¥ (variation)S 2 A¥ 317
superior performance over Kohonen's algorithm in terms of g%t Zolch, 713 A2 Felseye 24zt 2FECl B
signal~to-noise. £ gre wag ztow €rh

A48 otelst gol sk

1. A8 MSE= élu.= élg A x-oh? ()

228 (Clustering) YT2EF FAS AT RE NMSE = ——MSE—— ()
2y e ARE A2 Peldtel 1B(grop)EE UEE 21 z-mi?
Zlolt}, o)yt REFe] ¥ oA Zo2 & Kohonen WE
¥ (network)o] &t} Kohonend ¥<#(learning)e] Winner - N
Take - All Fa(rule)ol 7g £ UEHE 27q%ch PR L
Winner-Take-All #2& 22 31}e] H#(neuron)Tto] ¢ n : dduie] doly A
o clojele] cisiA WAk Blelth. & $]u(winner)7t N2 A delE As
AYEE UnxES 2 E looser)7} ¥ Zojc}1].

:z:inen :i_‘i—'_:ﬂ% ;:;:‘ (r;_l:go] )9‘1}\_‘:1] _?_);f\_l 7';5; Al NMSE(Normalization Mean Square Error)& MSE$] &
23 A7t 713 WEj(reference vecot)Fe] X1 EAQl $Hnormalization) &4 HHojA me W el Wie] AR
o], Kohonen WEN2 ZJ|Ajo] glo] 2j&¥rt. oW 27 & ojuisla pi= kB WY enjych 283 vl

712 HelE2 A2 ¢Y Y(pattern) & ZE ¢Y o9
(domain)olld ZHe] wialx]z REBch 21 = thE &4
A A (time varying)ZAol chsiA ciA sz} Zgchks A
oltt, #fubstH Kohonen WEH-L ¥5E(learning rate)o]
UABA BAEE ZIobsts Aol tisiNe oAy
4 971 dEolth A YFEel LR &Iole Ao 3.1 27 258 % H(Biasing)
275 =g olalyt e 5 K-means[5]ofA pasiarh.

2L} o] ¢REES variationd] 27137} vlg FHrhe 2
Aol go] 29EEE Wrl W WAL variation 2I|AE 2

BEE 712 we)el sixjo] o &ch

3. %3 K-means ¢RF

e od s W 7ot 713 e cprtele] Azl A

o) 2§ AR BT
=% s7l9ls BA FON YReB(2-A1E ek ol el 2% 4B oy .
U2 ES variationd] 7o} @ Wt W4 F3ol dx—ch=ve 127

A4 g HEF FEUCh
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a2 HE W4 M = (membership indicator)=

o . > _ a2 - -
”"“'(x)=(()l if (velx c/,tl;t)s.(v.lx cblz)) (4

2tze] dodof cisiM & BB AY AL
vi{new)=a- vold) + (1—}) . m,b-g(;(ola’)) (5)

« | 2old) — ¢} old) | *
Al (S)olAd g 18rc)} 2He to® B 099004 0.9999A)0]
o] BEE AH8-ucls].

3.2 Y48 9 23

49 EF7F dste A3 3A cl2d Y83 AA} 3
w, w2 Fel2elge] # Hoed UGEHS olol tirl
3gja ofel?] $AlES AEZI|(entropy}[9]4H LR F¥
U2 Fojrh

K
Vi, morm = 1‘(}‘ , Vimorm = 1 (6)
K
H(vy v 00) = — Elvk.mln(vk.m) (7)

ln(K)—‘H(Ux_"z,"'.vK) (8)
In(K)

A (8)olA ¥UsrE e A FUESL WY F dSWUrh 12|
I A ERAN BolAeE UGS 19 /AT Y
5ol 7178l A4 ool 77k & Zhech

4. Gradient-Based FCM(Fuzzy C_means)

GBFCMo] FoMzt A THE A2 FovolMde BE do]
HE A83t §3 48 A4 gz shi ceFoi
Aol ciojejo] cisA §A U4F A feln grH2].

4.1 gx2lF
Cw A delel xoh Ry ME ¢ (j=1,2,+,K7 7
o AE uf B g The3 ol efWcHIO):

Ji= dle—x) + wiley—x) + -~ + ghlex—x)  (9)

i + o, + o p = 1 (lo)

Az e AN Ae

et = € — 1t (er—x) (11)
n: USGE. ¢ F/% 116012 AWl

gl 5300 cisA
. 1
L YT EAY 12
=1 dl(xk))

8 (12)084 i}jld,-(x,)a— shjel ololeist ZE Melg Alo}
o Agle WoIR, dix)& Shiel vlolsist izl Meisle)

Aol Al(12)el4 e cho|Eist AEixlo]2) A2zt 7t
AR ugtel AN WY Hopdrh & RE MeFol 2
N EAE 22 &HolA sk Rolch

5. %3 GBFCM

53 GBPOMS F3 K-means?} Kohonens] TH& R
17 fisiM 2etE|glc) o] Y] E-E GBFOMeRA Feold
w4 53 48 Agvch

5.1 53 GBFCM ¢aLe|&
FHNAY ¢l EFS ohg Aok

while (NMSE > limit error)
for (Input file is not empty)
Read one datum x,
Variation Update
Cor1 = Co — 0° pi (Ch—x)
Ha="F dL.u_.)
( d,(xk) )

e(k) = NMSE(k)
End for

Output 4 and 7

6. d¥ 9 A

=1

$elE= 2718 4 dlolel Hejof tisiA Ay iRt
2232 2704 clojE YHeld A3 ME wlas) motch

Al 371 4(epoch)E 200013, 7+ 0.50]2 e¢+= 0.99 11
2)3 Y] 272& 0.18 waurh

= L L]
(a) tlo]g] 10007 (b) cfol& 10087}
a3 1. 49 doje He)
FELE]
dlolE] el (a)
Algoritha NMSE(4) NMSE(8) NMSE(16)
Kohonen 0. 970840 0.990393 0.927219
DGBFCM 0, 984596 1011096 0. 955705
R
clole] Yl (b)
Algoritha NMSE(4) NMSE(8) NMSE(16)
Kohonen 0.459136 0.461186 0.251669
DGBFCM 0.551691 0411221 0.022024
X2
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12 oM UE o 2abs MHES 745 2)n)§ic).
E 1ojME 27k daeiEe oest & alel§ Rolx| g
2% de g 9H s A nxsicl, 2y X2 2 A
7} 16d ¢ ofgle] Xolzp An 2F MElge] A=
DGBFCMO|U] 8} Kohonen ‘s algorithm 2] ¢ HE
vtepwich,

7. olnlzl ¢t

obzle] 21312 ojnlA] ¢h&oll AMGH el oln|Alelr}.

Original

A1gE g9 olnla A7 256 by 256 o] o] A
o olmAjolil, Y BE AJl 2 by 20]ch. 2N 3 B
& A7l 16384 HHoln Melg J4E 100742 PR
onzrjek(164:1)2] gt&o] Hch

AH8-§ SNR FAl

2
SNR=1010g (JU) g1 (13)

olnja] ¢t& Aol R DGBFCMO] Kohonen algorithm
B} SNR(signal-to noise)o] At} & MSEV} Acie onjz}
"rh

8. 3 &

2 =R F2 Z2E FES ol U2 Kohonen network
o] B3 S FEIMZA sh= oM CBFOM Yl e B
Alzch o] eaelEe FAL MEFY 2§ WAL YA
T A3 271 e | Unsiche Aelch dow A%
2} SH= 22 Kohonen network?] A& HolofA DGBFOM
& -8Rz} Yol
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